ABSTRACT Existing algorithms on path planning with obstacles for unmanned aerial vehicles (UAVs) suffer from high computational complexity and unpredictability when the considered scenario is complicated. In this paper, we propose a novel path-planning algorithm for UAVs, which relies on continuously updating virtual regional field and its local gradients. The information of target regions and obstacles is incorporated in a virtual regional field. The algorithm circumvents the large number of variables to be optimized, and does not rely on any black boxes with unpredictable outputs. Real data show that the proposed algorithm can design a path with high coverage rate of the target region in a certain time duration, and guides the UAV to bypass the obstacles. The approach based on the regional field provides an option for low-cost hardwares, and reveals insights into the problem of path planning.
I. INTRODUCTION
Unmanned aerial vehicles (UAVs) have been drawing much attention to the government and military organizations because of its wide applications in weather reconnaissance, search and rescue assisting operating, fire detection and traffic control, etc. [1] . For these applications, the UAVs should follow a path that avoids obstacles, and covers the target regions as much as possible in a certain time duration. Therefore, planning the flight path of UAV is of practical importance.
Over the past decades, many methods of path planning have been proposed. According to the applications, most of the proposed methods can be classified into start-to-goal planning and coverage planning.
The start-to-goal planning is to determine a path between two fixed points while avoiding obstacles. Randomly sampling search algorithms need some pre-known information of the workspace to map the environment, which includes rapidly-exploring random tree (RRT) [2] and probabilistic roadmap (PRM) [3] . RRT-based algorithms have low complexity, but employ no re-planning and optimization procedures. Improved versions of RRT algorithms include dynamic domain RRT (DDRRT) [4] , RRT-Star (RRT*) [5] and rapidlyexploring random graph [6] . PRM-based method is a passive algorithm, which implies that it can generate a road net map, but requires an additional search method to find a path [3] , [7] . In [8] - [10] , algorithms based on mathematic model were proposed. These algorithms introduce some practical constraints to the system model, and define a cost function to evaluate the current solution. These methods aim at formulating the path planning problem in form of an optimization problem. Meanwhile, they require an optimization process of many parameters, whose number grows with the terrain complexity exponentially. These limitations make it unacceptably timeconsuming to optimize the path in complicated scenarios. Bio-inspired algorithms are heuristic methods, which can excellently deal with complex unstructured constraints as well as other NP problem. These algorithms include artificial neural network (ANN) [11] , genetic algorithm (GA) [12] and particle swarm optimization (PSO) [13] , etc. However, these methods have relatively higher computational complexity and cannot settle down at a predictable solution. In fact, they sometimes lead to obviously unsatisfactory solutions.
The above methods consider the start-to-goal problem, which is to determine a path between two fixed points. However, when the aim is to maximize the coverage area [14] , start-to-goal problem cannot well reflect the task. Coverage path planning (CPP) is a task that determines a path which passes over all points of an area while avoiding obstacles. As most CPP algorithms decompose the target space in sub-regions (cells) to simplify the problem, CPP algorithms can be classified according to the exploited decomposition schemes [15] . The trapezoidal decomposition guarantees a complete coverage for a known polygonal environment [16] ; later [17] generalized the boustrophedon decomposition by proposing a novel cellular decomposition approach based on critical points of Morse functions [18] ; MacDonald [19] and Wong [20] presented an online topological coverage algorithm for mobile robots based on the detection of natural landmarks. However, the aforementioned CPP algorithms were designed to exhaustively search the whole area of interest except for the obstacles, and they are not suitable for surveillance of isolated target regions with obstacles.
In this paper, we consider the problem of UAV surveillance which combines the start-to-goal and the CPP problems. Specifically, we assume that the target regions in arbitrary forms are scattered in a large area with obstacles. When the target region is a single point, the problem specializes to a start-to-goal problem, and when the target region is the whole region of interest, the problem specializes to the CPP problem. To this end, we propose a novel method of UAV path planning based on the regional field, which is a newly defined virtual field that incorporates information of obstacles and target areas. By transforming the real map into its corresponding regional field and adjusting the gradient of the regional field based on the passed path, we can guide the UAV to its target regions, while avoiding the obstacle regions and repelling the passed path. In other words, the UAV can determine its next step taking into consideration of the obstacles, the target regions and the passed path with very low complexity requirement. Our algorithm has the following advantages over the prior path-optimization algorithms:
• The algorithm contains very few parameters to optimize, which significantly reduces the computational complexity.
• Obstacle information can be easily embedded, enabling the UAV to circumvent the infeasible regions.
• The algorithm tends to avoid path overlapping, which increases the efficiency of surveillance to target regions.
The remaining of the work is organized as follows. In Section II, we introduce the system model and formulate the problem. Section III shows the process of our algorithm specifically and compares our algorithms with other algorithms. In Section IV, both simulation results and experimental results in real scenarios have shown the effectiveness and high coverage rate of our algorithm. Section V draws concluding remarks.
II. SYSTEM MODEL
We consider the problem about UAV surveillance. Specifically, a valid algorithm for the considered path planning problem should automatically guide the UAV to the nearest target region, generate a path that cover the region as much as possible, then guide the UAV to the other target regions.
Battery life is an important constraint for the UAVs' path. When the flight time exceeds a certain threshold, the UAV is expected to fly towards the starting point in order to recharge the battery. We denote the time threshold as t th = αt tot , where α is an adjustable parameter that controls the time to return, and t tot is the battery life.
The considered system model is shown in Fig. 1 . Suppose there is a interest area U ⊂ R 2 , where R 2 denotes twodimensional space. As shown in Fig. 1 , suppose there are L target regions to be monitored, and the lth target region can be defined as
where w t,l (x, y) is a function that defines the shape of the target region. Similarly, suppose there are M obstacles, and the mth obstacle region is defined as
where w o,m (x, y) is a function that defines the shape of the obstacles. The obstacle regions in (2) could be used to model the high mountains that the UAV cannot fly over, or the forbidden regions due to regulation. The remaining region in the area could be represented as
where ∪ denotes the union operation. The position of the UAV at time t could be denoted as Suppose that the UAV reaches (x(t), y(t)) at time t, then we can define its surveilled region at time t as
where R c denotes the coverage radius, which is shown in Fig. 2 . Our goal is to maximize the coverage of the target areas in a certain period. Specifically, we need to maximize the area of the follow region
where 0 ≤ t 1 < t 2 < · · · < t th are discrete time points and T l is the lth target region. The system model generalizes the start-to-goal problem and the CPP model. It specializes to the start-to-goal model when the target region becomes a single point, and it specializes to the CPP model when E = φ in (3).
III. ALGORITHM OF PATH PLANNING
In this section, we propose an algorithm that constructs a virtual field to process the prior information of the map including the obstacles and the target regions, and the virtual field is ever-updating to repel the passed path.
A. PREPROCESSING THE MAP
We define a Boolean function that contains the information of the target regions as
Similarly, we can also define a Boolean function that contains the obstacle information as
The logical maps t (x, y) and o (x, y) are abstraction of the target regions and the obstacle regions, which are exploited to create the regional field that generates the path in the later context. In Fig. 3(a) , we show the following function in the region of interest U , i.e.
We build a field by introducing two field functions f t (x, y), and f o (x, y) for convolution with t (x, y) and o (x, y), respectively. This operation ensures the exitance of non-zero gradients at most points in U . The regional field F(x, y) could be defined as (10) where the functions f t (x, y) and f o (x, y) in (10) are respectively defined as
and
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which are similar to two-dimensional exponential functions, and the parameters λ t , σ t , λ o and σ o are constants to control the shape of these functions; and * denotes the twodimensional convolution, which is defined as [21] f (x, y) * (x, y) =
The regional field F(x, y) incorporates the information of the target regions and the obstacles. After the convolution in (10), F(x, y) has nonzero gradient at each point, which could guide the UAV to find its next step towards the target regions while avoiding the obstacle.
As shown in Fig. 3(b) , the field value in the target regions are positive, while the value in obstacles are negative. Therefore, it is important to properly choose the function f t (x, y) and f o (x, y) to build an appropriate regional field. An appropriate regional field (as shown in Fig. 3(c) ) should have the following characteristics:
i) The coverage of f t (x, y) should be wide enough (i. e. large σ 2 t ) so that the function f t (x, y) * t (x, y) in (10) could provide nonzero gradient for the UAV at a distant place. ii) In contrast, the function describing obstacles, f o (x, y),
should not be too large (i. e. small σ o 2 ) so that the obstacles do not change the main hump in Fig. 3(b) , which guides the UAV towards the target regions. According to the conditions i) and ii), we can choose the parameters of the two exponential functions in (11) and (12) including λ t , σ 2 t , λ o and σ 2 o .
B. GUIDING THE UAV'S FLIGHT
As discussed in Section III-A, the regional field F (x, y) shown in (10) is a dual-variate function which guides the UAV's flight based on its gradient. The position of the UAV at time t i can be expressed as
By using the gradient rise method, the next position of the UAV can be expressed as
where γ represents the step-length of each update, and
F(p(t i )) stands for the gradient of the field F(x, y) at p(t i ), where
∂F(x, y) ∂y
The starting point could be expressed as
where t 0 is the starting time. Then we can guide the UAV following the updating rule, i. e.
However, when the UAV reaches the maximum point of the regional field in Fig. 3(b) , it will stay there because the maximum is a stationary point with zero gradient. This is not desirable because the surveillance should continue to cover the other target regions.
C. UPDATING THE FIELD MAP IN REAL-TIME
To solve this problem, we should update the regional field at each step to repel the passed path, and ensure the priority of the unexplored regions. In another words, whenever the UAV's position is updated, it is required to generate a new field based on the current position of the UAV. To ensure the priority of the unexplored regions over the passed regions, we introduce a decay field D(x(t i ), y(t i )) at the current UAV's position p(t i ), and the updated regional field at time t i+1 is
where
F t i (x, y) is the regional field at time t i , and D(x(t i ), y(t i )) is defined as
where β < 0 denotes the depth of decaying, and σ 2 d controls the width of decaying. The updating rule can be summarized as
where F t 0 (x, y) is the initial condition for the virtual field.
Intuitively, when the UAV passes a region, the regional field values in the region become lower, making the UAV unlikely to fly towards the region again following the gradient ascent method.
D. GUIDING THE UAV BACK
We introduce two thresholds to guide the UAV back, one is the time threshold t th , the other is the coverage threshold c th . When the flight time t reaches t th or the coverage rate c reaches c th , our algorithm will guide the UAV back. The algorithm can be summarized as following When c = c th or t = t th , by building a new field with the only target p (t 0 ), we can guide the UAV back using the similar method. And during the returning, we do not need to update the regional field, because now the surveillance is not necessary. 
Algorithm 1 Gradient Field Method

Require:
Load the information of target regions T and obstacles
// Preprocessing. Build a field and choose a starting point. 4 : while c < c th and t < t th do 5:
end while 8: Choose p (t 0 ) as the only target, and generate its boolean function t (x, y).
12: end while
E. COMPARE TO RELATED WORKS
Existing path planing approaches deal with the start-to-goal problem or the CPP problem. The start-to-goal problem does not aim at maximization of the coverage rate, thus they are not suitable for the UAV surveillance problem in this work. The CPP algorithms, such as the trapezoidal decomposition [16] and the boustrophedon decomposition [17] , decompose the target space in sub-regions (called cells), and design the path to achieve the highest coverage of the whole region of interest. However, such algorithms do not guide the UAV or robot to the isolated target regions that are far from the initial point and in irregular shapes. The considered problem in this work generalizes both the start-to-goal and the coverage problems. Table I compares different algorithms in terms of the time complexity, range of applications, and the instantaneity, where ''S/C Problem'' is short for ''Starting-to-goal/CPP Problem''.
As shown in Table I , our algorithm has low computational complexity, and only the preprocessing process consumes high computational cost. However, the timeconsuming preprocessing process only needs to be done once, and can be recycled by many UAVs. Therefore, in practical application, the proposed method could provide an option for low-cost hardwares. Furthermore, unlike other proposed methods, our method can solve both startto-goal and CPP problems, and is suitable for the UAV surveillance. 
IV. EXPERIMENTAL RESULTS
A. SIMULATION RESULT
In this section, we assume that there are two target regions T 1 and T 2 , and two obstacle regions O 1 and O 2 in U , and U is a square area of 1000m × 1000m shown in Fig. 3(a) . As shown in Fig. 4(a) , we present the simulation result of the UAVs path planning under our algorithm. The regional field shown in (11) and (12), have parameters λ t = λ o = 10 5 , σ t = 300, and σ o = 100. Besides, the UAV has starting point p(t 0 ) = (100, 0) with constant speed 5m/s. The parameters in (20) were set to be β = −1000 and σ d = 60. We assumed the UAV's inspection radius (shown in Fig. 2 ) was R c = 40m.
In Fig. 4(a) , we can see that the UAV started from the red point S. During the flight, the UAV circumvented the obstacle region O 1 . After the surveillance for target region T 1 , the UAV flew to another target region T 2 . Finally, the UAV had inspected both of the two target regions after 1000 secs VOLUME 6, 2018 with a coverage rate up to 96.94%. According to Fig. 4(b) , we can get the coverage rate of the surveillance during the flight time. From B and C, the coverage rate stayed at 47.89%, and it reveals that the UAV had completed the inspection for target region T 1 , and was flying to T 2 . After point C, the coverage increased linearly. Eventually, after point D the UAV had inspected about 96.94% of the target regions. After point E, the flight time has reached the threshold t th , then the UAV plans to return. According to our method presented in the previous, we build a new field to guide the UAVs return path. During the flight, the UAV circumvented the obstacles, and finally return to the start point S.
B. VERIFICATION USING REAL DATA
In this section, we present the application of our algorithm in real map. Fig. 5(a) is a part of terrain in Jiuzhai Valley, China. The area in the red circle is the target region with a radius of R t = 300m and the UAV starts from the point S.
In this mountainous terrain, the height of the mountains could exceed the flight height, and the mountains are modeled by obstacles in (2) . According to our algorithm, we build the regional field with parameters λ t = λ o = 10 5 , σ t = 450, and σ o = 0.5 which are shown in Fig. 5(b) . The UAV had a starting point p(t 0 ) = (300, 300) with constant speed 10m/s. The parameters in (20) were set to be β = −2000 and σ d = 45. We supposed the UAV's inspection radius (shown in Fig. 2 ) is R c = 40m. As shown in Fig. 5(c) , the UAV has avoided the obstacles O 1 , O 2 and O 3 successively, and completed the inspection for the target region. Finally, the UAV had inspected the target region after 450 secs with a coverage rate up to 83.29%. According to Fig. 5(d) , we can get the coverage rate of the surveillance during the flight time. Before A, the coverage rate stayed at 0.00%, and it implies that the UAV had not entered the target region. After that, from B to D, the coverage increased linearly. Eventually, after point E the UAV had inspected about 83.29% target region. After point F, the flight time has reached the threshold t th , then the UAV plans to return. According to our method presented in the previous, we build a new field to guide the UAVs return path. During the flight, the UAV circumvented the obstacles O 4 , and finally return to the start point S.
V. CONCLUSION
We proposed a low-complexity path planning algorithm for UAVs based on a virtual regional field. The considered problem is a generalization of the start-to-goal and the CPP problems. The proposed algorithm can design UAV paths with high coverage rate while circumventing the obstacles in a certain time duration. Both numerical and real experimental results verified the high efficiency and the high coverage rate of the proposed algorithm. The approaches based on regional field reveals insights into the problem of path planning, providing an option for low-cost hardwares.
